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COVID-19 risk-reduction efforts have protected high-risk individuals but have significantly 
altered life; persons now face reduced socialization. Advancing technologies (e.g., video-chat) 
may be useful in alleviating consequences of these efforts, potentially mitigating loneliness, and 
isolation by improving access to alternative communication. The purpose of this study was to 
investigate the relationships between communicative technology use and individual 
characteristics, as technology use may contribute to well-being among adults during COVID-19 
and future isolating events. This is especially relevant to older populations. Participants (N=645) 
aged 19+ completed a questionnaire via Amazon Mechanical Turk; demographic, socialization, 
and technology-use data were collected. Data were analyzed in R using correlations and a series 
of generalized linear regressions. Results revealed that being female positively predicted use of 
video-chat while increasing age negatively predicted use. Additionally, regarding QOL, being 
female negatively predicted QOL score, while age positively predicted QOL score. Ultimately, 
the results of this study suggest that personal characteristics may influence the cumulative 
experience of social isolation including technology use and downstream QOL.  
 Keywords: COVID-19, technology, QOL, communication  
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Effect of the SARS-CoV-2 Pandemic on Assistive and Interactive Technology Use: In-
Person Versus Distanced Communication 
The SARS-CoV-2 (COVID-19) pandemic has altered the course of everyday life and 
enhanced disease risk for all persons. These experiences have prompted individuals to be 
increasingly aware of their physical health and safety. This has motivated many to shelter in 
place or reduce exposure to others, limiting face-to-face interactions between people and their 
essential contacts. Isolating behaviors have been targeted to protect persons with comorbidities, 
weakened immune systems, and advanced age; as such, older adults specifically are at increased 
risk for social isolation. A lack of social interaction and companionship can have severe 
detrimental effects on mental well-being and quality of life (QOL) (Wu, 2020). Resultant 
loneliness from isolation has been linked to a variety of psychosocial and physical health 
declines (Perissinotto et al., 2012), thus, intervention to mitigate these consequences is 
necessary; COVID-19 and social distancing guidelines have amplified this need. Possible 
interventions for loneliness may include alternative methods of communication, specifically 
video-chat technologies. As such, the purpose of this study was to explore the relationships 
between the frequency of in-person versus distanced video-chat communication. Additionally, 
this research sought to investigate the relationships between demographic characteristics, 
communication type, and QOL. Greater understanding of these relationships may help to inform 
future research, technology development, and interventions aimed at reducing social isolation 
and loneliness in vulnerable populations. 
 During isolating events and disasters, including the yearly influenza outbreaks and 
extending to the COVID-19 pandemic, older adults are often at higher risk for disease 
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transmission and negative health outcomes (CDC, 2021). In the context of COVID-19 
specifically, older adults are the highest at risk of contracting the virus, resulting in increased 
morbidity and mortality, and becoming isolated as a consequence of risk-reduction (Verhage et 
al., 2021). Physical risks of COVID-19 include higher infection and mortality rates, with adults 
aged 60 and older accounting for 94% of COVID-19 fatalities (Natale et al., 2020). Additionally, 
adults 65 and older are 40 times more likely to be hospitalized with COVID-19 and 1,300 times 
more likely to die from the virus than persons aged 5-17 (CDC, 2021). As older adults are more 
vulnerable to COVID-19, risk reduction efforts have significantly altered their everyday 
environments and subsequent engagement with life (Nanda & Gravenstein, 2020). These 
significant reductions in social contact and activity increase older adults’ risk for social isolation 
and loneliness and their negative downstream effects (Nanda et al., 2020).  
Current literature indicates that limiting in-person interactions can cause or exacerbate 
depression and lead to a lower QOL in older adult populations, consequently increasing 
morbidity and mortality (Wu, 2020) This may be, in-part, due to death and illness-related 
depression and anxiety, which are more commonly reported in adult populations (Martins Van 
Jaarsveld, 2020). Similarly, older adults are more likely to experience an increase in cognitive 
decline (Martins Van Jaarsveld, 2020). Loneliness can also decrease functional ability, reducing 
general mobility and efficiency of daily activities (Perissinotto et al., 2012). The combination of 
physical and psychological barriers can also reduce resilience to new or current impairments 
(Perissinotto et al., 2012). These effects (e.g. depression, anxiety, loss of mobility, etc.) can be 
cyclical, contributing to worsening chronic conditions and further exacerbating isolation. 
Ultimately, each of these factors may heighten challenges that older adults face when trying to 
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retain their independence and live at home within the broader community. As such, preventing 
these physical and psychological effects and reducing loneliness is vital. 
In order to mitigate the effects of loneliness, the use of assistive and interactive 
technologies (AITs), specifically video-chat, may be helpful. AITs are items or systems used to 
increase, maintain, or improve functioning capabilities of persons with a disability or modifiable 
need; they may be useful in alleviating the consequences of risk reduction efforts by improving 
access to alternative social connection and communication (Khosravi et al., 2016). Using video-
chat may allow individuals to communicate in times where they may not have been able to, 
given social distancing guidelines. Older adults who are socially isolated may benefit from using 
these interactive technologies; a study documented that effective information and communication 
technologies were found to prevent cognitive decline, communicative decline, and worsening of 
activities of daily living (ADLs) within nursing homes (Kim et al., 2017). Additionally, AITs 
allow for more opportunities to remain in contact with loved ones, which may reduce feelings of 
loneliness and isolation (Martins Van Jaarsveld, 2020) 
While the use of AITs can provide increased opportunities for socialization, existing 
literature suggests that older adults may be less likely than other age cohorts to use video-chat as 
a means of communication in order to supplement interaction (Sacco et al., 2020). This may be a 
result of the variety of barriers to the use of technology, which exist across the adult lifespan. 
These include but are not limited to income, motivation, access to the internet, and physical 
impairments (Sacco et al., 2020). Specific to older adults, it was reported that 27% of adults over 
65 in the United States do not use the internet (Anderson, Perrin, Jiang, & Kumar, 2019). 
Further, 81% of American adults own a smartphone; however, only 53% of older Americans 
over age 65 own a smartphone (Anderson, 2019). In a study conducted with residents in a long-
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term care facility, only approximately 5% of residents were able to independently set up a video-
chat with a family member or friend (Sacco et al., 2020). These and the results from other similar 
studies suggest a disparity in the comfort level and adoption of technology across different age 
groups, adding to the aforementioned common barriers. Cumulatively, the number of barriers 
faced by older adults has been characterized as the “digital divide”. The digital divide indicates 
the gap in access and skills that are required to utilize technology, which is more apparent for 
older adult populations (Martins Van Jaarsveld, 2020). 
Less technology use may be especially detrimental to vulnerable populations during 
COVID-19 as health information and access to care is rapidly changing and dominantly online; 
as such, these populations may miss critical information and/or assistance. Older adults’ reduced 
technology use may lead to negative physical impacts, as persons may not be able to access 
critical health information hosted online (Xie et al., 2020). Further, non-white populations have 
historically been less likely to use technology for health-related subjects (Mitchell et al., 2019). 
This may subject them to similar risks faced by those who have reduced technology usage. 
Additionally, other vulnerable and/or isolated populations, including but not limited to rural, 
impoverished, and disabled adults, may disproportionately face similar challenges as barriers to 
technology use and accessibility are generally amplified for these groups (Henning-Smith, 2020. 
Precisely, the challenges that older adults uniquely face compared to younger people 
during the pandemic are threefold: 1) older adults have a higher chance of contracting COVID-
19 with higher morbidity/mortality rates; 2) they are less likely to use the internet to get 
information or services; and 3) they are more likely to feel lonely and socially isolated (Xie et 
al., 2020). To better understand these challenges, the purpose of this study was to explore the 
relationships between the frequency of in-person versus distanced video-chat communication, 
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across the adult lifespan, with a particular emphasis on older adults during the COVID-19 
pandemic. It was hypothesized that 1) age, sex, income, and ethnicity would be associated with 
the type of communication used; and 2) video-chat usage and in-person communication would 
positively predict QOL. 
Method 
Participants 
A total of 670 participants consented to the study; however, only 664 participants 
partially completed or completed the survey. After eliminating missing data, the total number of 
included participants was 645. Participants were accrued via Amazon Mechanical Turk (MTurk), 
discussed subsequently. Included participants ranged in age from 19 to 79 years (M = 45.3, SD = 
15.76). There was a near equal proportion of males (50.4%) to females (49.6%), and respondents 
were generally white (77.8%). Additional demographic and technology use frequency data can 
be found in Table 1. 
Procedure 
Participants completed a one-time needs assessment via Qualtrics through Amazon 
Mturk, a crowdsourcing marketplace that allows for matching participants with surveys by 
giving researchers access to a diverse and easily accessible subject pool (Amazon Mechanical 
Turk Inc., 2018). MTurk enables screening of participants based on quality, experience, and 
various demographics. For the purpose of this study, surveys were targeted across the adult 
lifespan to aid in balancing the age distribution of the sample; additionally, an equal number of 
surveys were targeted towards males and females. In order to participate in the study, 
participants had to reside in the United States and meet quality criteria including high approval 
and experience rates. Participants were allotted a maximum of 60 minutes to complete the 15-
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minute survey; respondents received $5 in compensation if they completed the entire assessment. 
The needs assessment included qualitative and quantitative questions regarding technology use, 
socialization, and demographics.  
Data was collected using a unique needs assessment developed by the CAPACITY lab 
group (2020). As aforementioned, 670 participants consented to the survey, but some submitted 
partially-completed assessments. As such, a dataset with only the variables of interest was 
developed and respondents with missing or incomplete responses were listwise deleted. Data 
columns were then renamed and, where necessary, coded into new, cumulative columns using 
feature engineering. Of note, only persons who identified as cis-gendered were included in the 
analyses, as the pool of non-cis-gendered respondents was very small (N=4). The researchers felt 
that to accurately analyze and represent this population (and analyze gender further), additional 
data collection or statistical analyses for small samples should be employed. As such, non-cis-
identifying respondents were extracted from the dataset and binary sex (male/female) was 
investigated.  
Measures 
CAPACITY Lab Assessment 
 The unique assessment developed for this study included quantitative and qualitative 
questions from a variety of existing surveys, as well as a series of unique inquiries from the 
CAPACITY lab. Existing questions within the survey included: 1) demographic questions from 
the Behavioral Risk Factor Surveillance System (BRFSS, 2020) and Health and Retirement 
Study (HRS, 2020); 2) social isolation questions from the UCLA 3 Item Loneliness Scale 
(Hughes et al., 2004); 3) technology use and comfort questions and functional ability questions 
from Miller et al. (2020); and 4) QOL questions from the WHO5 QOL Assessment (Bech, 2004). 
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Variables of interest included HRS/BRFSS demographics (BRFSS, 2020; HRS, 2020), 
CAPACITY lab social isolation and technology use questions, and the WHO5 QOL Assessment 
(Bech, 2004). The variables of interest are listed in Table 2. 
WHO5 QOL Assessment 
The WHO5 QOL Assessment, a well-established, pre-existing metric, was included in the 
needs assessment in order to measure subjective psychological well-being (Bech, 2004). This 
survey has been used extensively in worldwide research, with high validity and sensitivity; it is 
frequently used to screen for clinical depression (Topp, 2015). This survey measures the well-
being of participants by asking five positively-framed questions of how often feelings are 
experienced (Likert scale of 1-6, ranging from none of the time to all of the time). A total score 
is calculated, with 25 being the highest and zero being the lowest. This score is then interpreted 
as being positively related to QOL, with higher scores correlating with higher well-being.  
Analytic Strategy 
After merging and cleaning the data as previously described, descriptive statistics were 
obtained for the variables of interest (Table 1). Subsequently, Shapiro-Wilk, Kolmogorov–
Smirnov, and Q-Q Plot normality tests were performed; these informed correlational analyses. 
As such, Spearman-rho zero-order correlations were conducted (Table 3). Following, a series of 
generalized linear regressions were performed. Generalized models were favored due to non-
normality of the data. Binary dependent variables (i.e., communication use) were modeled 
utilizing generalized linear models for binary outcomes while the continuous dependent variable 
(i.e., QOL) was modeled using a generalized linear model for continuous outcomes.  
All analyses were conducted using R programming language via R-Studio (Version 4.0.5; 
R Core Team, 2021). Specific R packages used were “dplyr” (Wickham et al., 2021), “ggplot2” 
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(Wickham, 2016), “readxl” (Wickham et al., 2019), “frequency” (Wilcox, 2021), “corrplot” (Wei 
et al., 2017), “Hmisc” (Harrell, 2021), “naniar” (Tierney et al., 2020), “ggpubr” (Kassambara, 
2020), “GGally” (Schloerke et al., 2021), and “sjPlot” (Lüdecke, 2021). The code and output are 
provided in Appendix B.  
Results 
Descriptive Statistics 
 Descriptive statistics of individual characteristics and communication type are provided 
in Table 1. Zero-order correlations of age, education, ethnicity, sex, and distanced 
communication are provided in Table 3. 
Correlation and Regression Results 
Results of the generalized linear model of the relationship between age, sex, ethnicity, 
income, and QOL with video-chat is reported in Table 4.  The generalized linear model of the 
relationship between age, sex, ethnicity, income, and communication type with QOL is reported 
in Table 5. In support of the first hypothesis regarding video-chat, age, sex, and income were 
explanatory of video-chat use. Specifically, age was negatively correlated with video-chat use. 
This relationship was supported by linear regression as age negatively predicted video chat usage 
(p = .017). Conversely, being female, non-white, and having increased income was positively 
correlated with video-chat usage, as supported by our logistic regression model. This model was 
found to have a low pseudo-R2 Tjur value of 0.072, meaning that 7.2% of the variability in 
video-chat usage was attributed to the individual characteristics investigated.   The second 
hypothesis was not supported because neither in-person communication nor video-chat predicted 
increased QOL. Rather, in-person communication significantly negatively predicted QOL (p = 
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.044). No additional significant relationships between variables of interest and in-person 
communication were revealed by the analyses. 
 
 Regarding additional results, age, sex, and income were found to significantly predict 
QOL (WHO5) in the linear regression model. Increased age (p = .001) and income (p < .001) 
were positively correlated and predictive of QOL while being female was negatively associated 
(p = .001). Ethnicity and age were also found to be significantly negatively correlated (p < .001)  
in that older participants were more likely to be white (found in Table 3). The following 
associations were non-significant: 1) income and sex (p = .549); 2) age and sex (p = .884) ; 3) 
income and ethnicity (p = .456).Further investigation is warranted to explore how these 
relationships and potential moderating effects may affect the data. 
Discussion 
Regarding age, the first hypothesis included that age would be negatively associated with 
distanced communication, which was supported by the results of this analysis. These results are 
also consistent with recent research on the effects of COVID-19 and technological preferences 
(Kim et al., 2017; Martins Van Jaarsveld, 2020). Specifically, the finding that as age increased 
and technology use (video-chat) decreased, supports the concept of the digital divide (Martins 
Vans Jaarsveld, 2020). It may be that this digital divide has had a disproportionate impact on 
older adults during the COVID-19 pandemic, as those who are most likely to be socially isolated 
by the health and safety restrictions are less likely to engage in and therefore benefit from 
alternative communication technology (Martins Vans Jaarsveld, 2020). This may also suggest 
that video-chat, and potentially other technologies, are not universally adopted nor accessible. 
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With respect to sex in the first hypothesis, females were more likely to use video-chat as 
a means of communication. It may be that females are motivated by maintaining social 
connectedness despite distancing (Quadango, 2018; Sacco et al., 2020). Similarly, males may be 
less interested in distanced communication, or may have lower technology comfort or access. 
 The prediction that higher income individuals would be predicted to use more video-chat 
was also supported. Higher income was found to be positively correlated with video-chat use, as 
wealthier persons may have increased access to technology and web-based services, which may 
indirectly suggest access to better health services, and greater health literacy. There is some 
contrary research suggesting there may be no significant relationships between different 
demographics and web-based activities (Cohen-Mansfield et al., 2021). This is in direct contrast 
with the results regarding video-chat, a web-based activity. Further investigation is warranted, 
especially considering the significant technological shifts that are being prompted by COVID-19. 
Despite significant results, in the regression with video-chat use as the dependent 
outcome (generalized linear model for binary outcomes), the low pseudo-R2 Tjur value 
(R2=0.072) indicates that there are other factors contributing to the variability of use of 
communication technologies. The intercept of this model was non-significant, indicating that 
there is more to be understood about the relationships between individual characteristics, QOL, 
and video-chat communication. For example, as modeled by Figure 2, a number of participants 
(based on age) that were predicted to report or not report use of video-chat did the opposite. 
While some remaining variability is anticipated within each individual prediction (controlling for 
other included variables), the best explained model would reflect a solid gradient line. The 
current model, instead, includes many outliers, indicating a higher variability than can be 
explained by the video-chat~age-controlled relationship.  
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As for the second hypothesis, video-chat usage and in-person communication were not 
predictive of an increased QOL. Unexpectedly, in-person conversation was found to be a 
statistically significant predictor of decreased QOL. While initially surprising, there may be 
some contributing factors. In-person communication could be considered a more ‘normal’ and 
natural part of the human experience compared to video-chat. For this reason, persons who 
continued to rely on in-person communication as means of socialization may have been at a 
disadvantage during the pandemic amid social isolation. Consequently, not adopting video-chat 
and conversing in-person may have resulted in less socialization cumulatively, resulting in 
participants reporting lower QOL compared to those who used video-chat. As a consequence, the 
second hypothesis that increased video-chat and in-person interaction bolsters QOL remains 
unclear; the relationship between video-chat use and QOL has not been elucidated, and these 
preliminary analyses showed in-person communication negatively predicted QOL. 
Neither individual characteristics nor QOL were found to be a statistically significant 
predictors of in-person conversation. This may be attributed to the fact that talking with others 
in-person is a natural part of the human experience; as such, most individual characteristics 
would have the same effect on socializing with others in-person and they simply lack predictive 
power. As for QOL, the positive relationship between increasing age and QOL has been 
documented previously (Quadagno, 2018). Because of older adults’ increased perspective and 
life experience, they may have better coping mechanisms in place to deal with stressful life 
events (Verhage et al., 2021). Consequently, they may have a less severe reaction to adversity in 
life; this research is reinforced in the context of COVID-19, as indicated by research from the 
first few weeks of the pandemic (Klaiber et al., 2021). Conversely, older adults who experience 
loneliness and lower QOL are at a much higher risk of functional decline (Perissinotto et al., 
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2020). This may be the result of reduced sleep, poorer health habits, and decreased inflammatory 
control. In fact, according to a recent study, lower perceived QOL among participants resulted in 
lower cognitive function eight years later (Lou et al., 2021). It may be that these persons who 
were at high risk of loneliness, decline, and dysfunction were not represented in this current 
study due to the sampling. 
While not represented in the linear regression model, these analyses of the cross-sectional 
data also revealed relationships between QOL and ethnicity (Figure 2). In this study, older age 
was associated with higher QOL scores for white participants; non-white participants in midlife 
reported the highest QOL scores, and those younger and older had lower QOL scores.  
Ultimately, the effects of ethnicity on aging and life experience are important to understand and 
consider for future studies. Ethnicity has been shown to be an important factor in response to 
environmental exposures, drug therapies, and disease risk (McGrath et al., 2019), which may 
contribute to differences between happiness, technology use, and other individual characteristics. 
Further investigation into the effect ethnicity on these factors is warranted. 
Limitations 
There are limitations that should be noted. Much of the data is nonparametric, which can 
be a challenge when interpreting models that are based on assumptions not met by nonparametric 
data. As such, continued investigation is necessary in order to improve model fit and 
interpretation. Additionally, the sample is relatively homogenous, as the majority of participants 
were white (77.8%). Inclusion of education level may also provide critical insights. Additional 
data collection scheduled for summer 2021 will focus on non-white participants and may 
improve generalizability. Furthermore, the survey was conducted online, which may bias the 
sample and increase the likelihood of technology comfort and video-chat communication. 
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Additionally, the data collected was cross-sectional, which may result in findings due to 
differences in age cohorts. Finally, the results of this study, such as the fact that non-white 
participants had a significantly positive correlation with video-chat usage, suggest that there are 
additional moderating and mediating variables which should be considered in future analyses. 
Conclusion 
Ultimately, the findings of this study provide descriptive information about use of video 
chat and the relationships with quality of life in times of isolation, including a global pandemic. 
During world crises like the COVID-19 pandemic, the vitality of communication is emphasized, 
and the need for universal design and inclusivity in technology is highlighted. Technology may 
be critical in reducing social isolation for older adults, but further analysis is warranted, as 
measures of social isolation and loneliness were not included in the current study. Narrowing the 
digital divide may be critical to having communities that are more adaptable, and rooted in 
family, connection, and communication. Future developments in technology and communication 
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Table 1. Descriptive Statistics 
 
Variable         Mean/%  
 
Age          45.3(15.8) 
Female          49.6% 
Non-White         22.2% 
Income 
     <$20,000         11.3% 
     $20,000 - $34,999        16.4% 
     $35,000 - 49,999        20.1% 
     $50,000 - 74,999        25.5% 
     $75,000 - 99,999        14.3% 
     >$100,000         12.4% 
QOL                      13.55(6.47)  
Video-Chat Use (Yes)        67.9% 














Table 2. Variables of Interest 
Question Response Source 
In the past 2 weeks, I have felt 
cheerful and in good spirits 
- All of the time 
- Most of the time 
- More than half the time 
- Less than half the time 
- Some of the time 
- At no time 
(Bech, 2004)*  
In the past 2 weeks, I have felt 
calm and relaxed 
In the past 2 weeks, I have felt 
active and vigorous 
In the past 2 weeks, I woke up 
feeling fresh and rested 
In the past 2 weeks, my daily life 
has been filled with things that 
interest me 
What is your age in years 
- Numerical 19-120 
(BRFSS, 2020; 
HRS, 2020) 




- Transgender Male 
- Transgender Female 





To which ethnicity do you most 
identify? 
- Asian 
- Black or African American 
- Hispanic or Latino 
- Native American, American Indian, 
or Alaska Native 
- Native Hawaiian or Pacific Islander 





What is your annual household 
income from all sources? 
- Less than $20,000 
- $20,000 to $34,999 
- $35,000 to $49,999 
- $50,000 to $74,999 
- $75,000 to $99,999 





In the past 30 days, on 
average, how often have you 
used in-person conversation to 
socialize with people who do 





- Never, but I wish I could 
(CAPACITY 
Lab, 2020)* In the past 30 days, on 
average, how often have you 
used Facetime, Zoom, Skype, 
or Other Video Chat Services to 
socialize with people who do 
not live with you? 
 
Note.  * Indicates that feature engineering was performed. Questions from Bech were combined into a 
score from 5-25. Questions from CAPACITY Lab were binarily coded based on whether communication 




Table 3. Zero Order Spearman-rho Correlation Table  
Variable 1 2 3 4 5 6 7 
1. Age 
































































Table 4.  Generalized Linear Model for Binary Outcome; Video-Chat Regression Results 
 





Figure 1. Predicted Probability of Video-Chat Use by Age Index 
 
Note.  A number of participants (based on age) that were predicted to report or not report use of 
video-chat did the opposite; the best explained model would reflect a solid gradient line. The 
current model, instead, includes many outliers, indicating the higher variability than can be 







































#Change ethnicity to factor
df$Q16 <- as.factor(df$Q16)
levels(df$Q16) <- levels(factor(df$Q16,
levels = c("Asian","Black or African American",
"Hispanic or Latino","Native American,
American Indian, or Alaska Native",
"White", "Jew", "Mixed Race")))
df$Q16 <- factor(df$Q16,
levels = c("White","Black or African American",
"Hispanic or Latino","Native American, American Indian,
or Alaska Native", "Asian", "Jew", "Mixed Race"))
levels(df$Q16)[1] <- "White or Caucasian"
levels(df$Q16)[2:7] <- "Non-White"
#create Y/N response for in person socialization
df$Q34_person <- case_when(
df$Q34_1 == 1 ~ 1,
df$Q34_1 == 2 ~ 1,
df$Q34_1 == 3 ~ 1)
df$Q34_person[is.na(df$Q34_person)] <- 0
df %>% count(Q34_person == 1)
## Q34_person == 1 n
## 1 FALSE 210
## 2 TRUE 435
df %>% count(Q34_video==1)
## Q34_video == 1 n
## 1 FALSE 207
## 2 TRUE 438
1
#remove missing data on Income
df<-df %>% replace_with_na(replace = list(Q18 = 7))
df1<- na.omit(df)
#subset of df in person interaction
df_person <- df1 %>% select(Q13, Q15, Q16, Q18, Q34_person, SC0)
#subset of df videochat use
df_video <- df1 %>% select(Q13, Q15, Q16, Q18, Q34_video, SC0)
#total subset
df_total <- df1 %>% select(Q13, Q15, Q16, Q18, Q34_person, Q34_video, SC0)
summary(df_total)
## Q13 Q15 Q16 Q18
## Min. :19.00 Male :317 White or Caucasian:495 Min. :1.000
## 1st Qu.:30.00 Female:315 Non-White :137 1st Qu.:2.000
## Median :42.00 Median :4.000
## Mean :45.41 Mean :3.532
## 3rd Qu.:60.00 3rd Qu.:5.000
## Max. :79.00 Max. :6.000
## Q34_person Q34_video SC0
## Min. :0.0000 Min. :0.0000 Min. : 0.00
## 1st Qu.:0.0000 1st Qu.:0.0000 1st Qu.: 8.00
## Median :1.0000 Median :1.0000 Median :15.00
## Mean :0.6725 Mean :0.6804 Mean :13.59
## 3rd Qu.:1.0000 3rd Qu.:1.0000 3rd Qu.:19.00







#Change ethnicity and Gender to numeric for correlation
df2 <-as.data.frame(sapply(df, as.numeric))
summary(df2$Q15)
## Min. 1st Qu. Median Mean 3rd Qu. Max.
## 1.000 1.000 1.000 1.496 2.000 2.000
summary(df2$Q16)
## Min. 1st Qu. Median Mean 3rd Qu. Max. NA's





## Q13 label Freq Percent Valid Percent Cumulative Percent
2
## Valid 19 1 0.2 0.2 0.2
## 21 2 0.3 0.3 0.5
## 22 3 0.5 0.5 0.9
## 23 6 0.9 0.9 1.9
## 24 21 3.3 3.3 5.1
## 25 39 6.0 6.0 11.2
## 26 7 1.1 1.1 12.2
## 27 15 2.3 2.3 14.6
## 28 18 2.8 2.8 17.4
## 29 23 3.6 3.6 20.9
## 30 34 5.3 5.3 26.2
## 31 5 0.8 0.8 27.0
## 32 16 2.5 2.5 29.5
## 33 10 1.6 1.6 31.0
## 34 19 2.9 2.9 34.0
## ... ... ... ... ... ...
## 67 10 1.6 1.6 90.9
## 68 7 1.1 1.1 91.9
## 69 12 1.9 1.9 93.8
## 70 13 2.0 2.0 95.8
## 71 7 1.1 1.1 96.9
## 72 1 0.2 0.2 97.1
## 73 4 0.6 0.6 97.7
## 74 5 0.8 0.8 98.4
## 75 2 0.3 0.3 98.8
## 76 2 0.3 0.3 99.1
## 77 4 0.6 0.6 99.7
## 79 2 0.3 0.3 100.0
## Total 645 100.0 100.0
## Missing <blank> 0 0.0
## <NA> 0 0.0
## Total 645 100.0
##
## $`Q15:`
## Q15 label Freq Percent Valid Percent Cumulative Percent
## Valid 1 325 50.4 50.4 50.4
## 2 320 49.6 49.6 100.0
## Total 645 100.0 100.0
## Missing <blank> 0 0.0
## <NA> 0 0.0
## Total 645 100.0
##
## $`Q16:`
## Q16 label Freq Percent Valid Percent Cumulative Percent
## Valid 1 502 77.8 78.3 78.3
## 2 139 21.6 21.7 100.0
## Total 641 99.4 100.0
## Missing <blank> 0 0.0
## <NA> 4 0.6
## Total 645 100.0
##
## $`Q18:`
## Q18 label Freq Percent Valid Percent Cumulative Percent
## Valid 1 72 11.2 11.3 11.3
3
## 2 104 16.1 16.4 27.7
## 3 128 19.8 20.1 47.8
## 4 162 25.1 25.5 73.3
## 5 91 14.1 14.3 87.6
## 6 79 12.2 12.4 100.0
## Total 636 98.6 100.0
## Missing <blank> 0 0.0
## <NA> 9 1.4
## Total 645 100.0
##
## $`SC0:`
## SC0 label Freq Percent Valid Percent Cumulative Percent
## Valid 0 4 0.6 0.6 0.6
## 1 8 1.2 1.2 1.9
## 2 11 1.7 1.7 3.6
## 3 17 2.6 2.6 6.2
## 4 21 3.3 3.3 9.5
## 5 30 4.7 4.7 14.1
## 6 29 4.5 4.5 18.6
## 7 34 5.3 5.3 23.9
## 8 21 3.3 3.3 27.1
## 9 25 3.9 3.9 31.0
## 10 30 4.7 4.7 35.7
## 11 22 3.4 3.4 39.1
## 12 23 3.6 3.6 42.6
## 13 20 3.1 3.1 45.7
## 14 26 4.0 4.0 49.8
## 15 30 4.7 4.7 54.4
## 16 29 4.5 4.5 58.9
## 17 47 7.3 7.3 66.2
## 18 41 6.4 6.4 72.6
## 19 36 5.6 5.6 78.1
## 20 62 9.6 9.6 87.8
## 21 22 3.4 3.4 91.2
## 22 17 2.6 2.6 93.8
## 23 11 1.7 1.7 95.5
## 24 3 0.5 0.5 96.0
## 25 26 4.0 4.0 100.0
## Total 645 100.0 100.0
## Missing <blank> 0 0.0
## <NA> 0 0.0
## Total 645 100.0
##
## $`Q34_video:`
## Q34_video label Freq Percent Valid Percent Cumulative Percent
## Valid 0 207 32.1 32.1 32.1
## 1 438 67.9 67.9 100.0
## Total 645 100.0 100.0
## Missing <blank> 0 0.0
## <NA> 0 0.0
## Total 645 100.0
##
## $`Q34_person:`
## Q34_person label Freq Percent Valid Percent Cumulative Percent
4
## Valid 0 210 32.6 32.6 32.6
## 1 435 67.4 67.4 100.0
## Total 645 100.0 100.0
## Missing <blank> 0 0.0
## <NA> 0 0.0
## Total 645 100.0
correlation<-rcorr(as.matrix(df2, "spearman"))
correlation
## Q13 Q15 Q16 Q18 SC0 Q34_video Q34_person
## Q13 1.00 -0.01 -0.28 -0.02 0.13 -0.11 0.02
## Q15 -0.01 1.00 0.01 -0.02 -0.12 0.10 -0.04
## Q16 -0.28 0.01 1.00 -0.02 -0.06 0.09 -0.06
## Q18 -0.02 -0.02 -0.02 1.00 0.18 0.20 0.05
## SC0 0.13 -0.12 -0.06 0.18 1.00 0.07 -0.06
## Q34_video -0.11 0.10 0.09 0.20 0.07 1.00 -0.02
## Q34_person 0.02 -0.04 -0.06 0.05 -0.06 -0.02 1.00
##
## n
## Q13 Q15 Q16 Q18 SC0 Q34_video Q34_person
## Q13 645 645 641 636 645 645 645
## Q15 645 645 641 636 645 645 645
## Q16 641 641 641 632 641 641 641
## Q18 636 636 632 636 636 636 636
## SC0 645 645 641 636 645 645 645
## Q34_video 645 645 641 636 645 645 645
## Q34_person 645 645 641 636 645 645 645
##
## P
## Q13 Q15 Q16 Q18 SC0 Q34_video Q34_person
## Q13 0.8837 0.0000 0.5603 0.0007 0.0060 0.5926
## Q15 0.8837 0.8745 0.5488 0.0018 0.0131 0.3293
## Q16 0.0000 0.8745 0.6174 0.1419 0.0256 0.1168
## Q18 0.5603 0.5488 0.6174 0.0000 0.0000 0.2215
## SC0 0.0007 0.0018 0.1419 0.0000 0.0805 0.1093
## Q34_video 0.0060 0.0131 0.0256 0.0000 0.0805 0.6669
## Q34_person 0.5926 0.3293 0.1168 0.2215 0.1093 0.6669
#all not normally distributed
shapiro.test(df2$Q13)
##
## Shapiro-Wilk normality test
##
## data: df2$Q13
## W = 0.92738, p-value < 2.2e-16
shapiro.test(df2$Q15)
##
## Shapiro-Wilk normality test
##
## data: df2$Q15




## Shapiro-Wilk normality test
##
## data: df2$Q16
## W = 0.50761, p-value < 2.2e-16
shapiro.test(df2$Q18)
##
## Shapiro-Wilk normality test
##
## data: df2$Q18
## W = 0.93037, p-value < 2.2e-16
shapiro.test(df2$SC0)
##
## Shapiro-Wilk normality test
##
## data: df2$SC0
## W = 0.95999, p-value = 3.002e-12
shapiro.test(df2$Q34_person)
##
## Shapiro-Wilk normality test
##
## data: df2$Q34_person
## W = 0.59072, p-value < 2.2e-16
shapiro.test(df2$Q34_video)
##
## Shapiro-Wilk normality test
##
## data: df2$Q34_video








## lm(formula = Q13 ~ SC0, data = df_total)
##
## Residuals:
## Min 1Q Median 3Q Max
## -26.543 -14.024 -3.228 14.156 32.661
##
## Coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) 41.13428 1.44651 28.437 < 2e-16 ***
6
## SC0 0.31491 0.09614 3.276 0.00111 **
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Residual standard error: 15.62 on 630 degrees of freedom
## Multiple R-squared: 0.01675, Adjusted R-squared: 0.01519




## lm(formula = scAGE ~ scSC0, data = df_total)
##
## Residuals:
## Min 1Q Median 3Q Max
## -1.6859 -0.8907 -0.2050 0.8991 2.0745
##
## Coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) -1.587e-16 3.947e-02 0.000 1.00000
## scSC0 1.294e-01 3.951e-02 3.276 0.00111 **
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Residual standard error: 0.9924 on 630 degrees of freedom
## Multiple R-squared: 0.01675, Adjusted R-squared: 0.01519
## F-statistic: 10.73 on 1 and 630 DF, p-value: 0.001112
#Interaction terms
#AGEXSCOXEthnicity
ggplot(df_total, aes(x = scAGE, y = scSC0)) +
geom_point(aes(color = Q16),
size = 0.5) +
stat_smooth(method = 'lm',
formula = y~poly(x, 2),
se = TRUE,


















ggcorr(scDF2,method=c("pairwise","spearman"), nbreaks=6, hjust=0.8, label=TRUE, label_size = 3, color = "grey50"
0 −0.3 0 0.1 −0.1 0
0 0 −0.1 0.1 0


















df_total<- df_total %>% rename(Age=Q13, Gender=Q15, Ethnicity=Q16, Income=Q18, WHO5=SC0, VideoChat=Q34_video,
#EXAMPLE w/ EXPLANATIONS (VIDEOCHAT DV, ALL ELSE - PERSON IV)




## glm(formula = VideoChat ~ Age + Gender + Ethnicity + Income +
## WHO5, family = binomial, data = df_total)
##
## Deviance Residuals:
## Min 1Q Median 3Q Max
## -2.0688 -1.2098 0.6976 0.8845 1.4233
##
## Coefficients:
## Estimate Std. Error z value Pr(>|z|)
## (Intercept) -0.271204 0.398247 -0.681 0.49588
## Age -0.013523 0.005832 -2.319 0.02040 *
## GenderFemale 0.510231 0.179487 2.843 0.00447 **
## EthnicityNon-White 0.372146 0.235932 1.577 0.11472
## Income 0.288567 0.060863 4.741 2.12e-06 ***
## WHO5 0.025758 0.014146 1.821 0.06862 .
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## (Dispersion parameter for binomial family taken to be 1)
##
## Null deviance: 792.00 on 631 degrees of freedom
## Residual deviance: 745.68 on 626 degrees of freedom
## AIC: 757.68
##
## Number of Fisher Scoring iterations: 4
#Model 0 significance
1-pchisq(795.07-748.85, df = (635-630))
## [1] 8.192012e-09








































ggplot(data = predicted.mod0, aes(x=rank, y=probability.of.VideoChat))+
geom_point(aes(color=VideoChat), alpha=1, shape=4, stroke=2)+
xlab("Index") +









































## Saving 6.5 x 4.5 in image
#MODEL10 (IP DV; all other IV)




## lm(formula = WHO5 ~ Age + Gender + Ethnicity + Income + InPersonChat +
## VideoChat, data = df_total)
##
## Residuals:
## Min 1Q Median 3Q Max
## -15.6502 -4.9588 0.9204 4.6732 14.1309
##
## Coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) 9.64832 1.16717 8.266 8.3e-16 ***
## Age 0.05459 0.01660 3.288 0.001065 **
## GenderFemale -1.67690 0.50105 -3.347 0.000867 ***
## EthnicityNon-White -0.49489 0.63349 -0.781 0.434971
## Income 0.70110 0.16872 4.155 3.7e-05 ***
## InPersonChat -1.07872 0.53255 -2.026 0.043232 *
## VideoChat 0.95847 0.55242 1.735 0.083228 .
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
11
##
## Residual standard error: 6.256 on 625 degrees of freedom
## Multiple R-squared: 0.074, Adjusted R-squared: 0.06511






































R2 / R2 adjusted
0.074 / 0.065
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